Background: Excessive beta oscillatory activity in the subthalamic nucleus (STN) is linked to Parkinson's
Introduction
Parkinson's disease (PD) is a neurodegenerative disorder that is caused by a progressive loss of primarily dopaminergic neurons in the substantia nigra, leading toto various motor symptoms, such as bradykinesia, tremor and rigidity. Many studies have found that Parkinsonian patients have an excessive synchronization of beta oscillatory activity in local field potentials (LFPs) recorded from the subthalamic nucleus (STN) [1] . Enhanced beta activity is associated with bradykinesia and rigidity providing a biomarker of disease state. Both the dopamine precursor levodopa [2] [3] [4] [5] and deep brain stimulation (DBS) [6] [7] [8] disrupt enhanced beta activity correlating with clinical motor improvement [9] . While it is clear that beta oscillatory activity is linked to motor impairments, its relationship with untreated clinical states (OFFmedications and OFF-stimulation) has been marked by inconsistent findings: While some physiological studies have shown a significant correlation with bradykinesia and rigidity [10] [11] [12] [13] , others have found no link [3] [4] [5] .
Traditionally, beta oscillatory activity is not measured in an isolated manner, but rather measured together with the background noise activity of neurophysiological recordings, and it is reflected as a discrete bump in the power spectrum. This background noise, usually termed as neural noise activity, refers to random intrinsic electrical fluctuations within neuronal networks that display a 1/f power law behavior attributed to the low-pass frequency filtering property of the neural architecture and network mechanisms [14] [15] [16] [17] .
Recent works have shown that rich information is embedded in this neural noise activity, which thus carries physiological information. Indeed, it has already been demonstrated that the neural noise varies with several factors such as behavior, neural communication and cognitive impairments [18] [19] [20] . For instance, aging has been shown to be accompanied with a flatter power spectrum, attributed to an increase in spontaneous baseline neural activity observed both in intracranial and scalp EEG recordings [21] . These results suggest that neural noise activity could confound beta activity measurements, potentially explaining the large variability across studies.
In this study, we decomposed the LFP power spectrum as the sum of two independent neurophysiological elements -beta oscillatory activity and neural noise activity. We recorded STN LFPs bilaterally of thirteen PD patients, and modeled the beta activity with a Gaussian function and the neural noise with a power law function. We then evaluated the impact of noise when quantifying the relationship between beta oscillatory activity and motor symptoms. In addition, we assessed the stability of the neural noise and beta activity over time, in order to define the suitability of our approach for closed-loop deep brain stimulation [22] .
Materials and methods

Subjects and experimental protocol
LFPs were recorded between 36 and 48 hours after STN DBS bilateral implantation in thirteen subjects using a 16-channel amplifier (gUsbAmp, g.tec, Austria) and sampled at 512 Hz. All patients volunteered and gave informed consent. Experimental protocol was approved by the local ethical committee (CER-VD, Commission Cantonale d'Ethique VD de la recherche sur l'être humain). Clinical characteristics of each patient are presented in Supplementary Table 1. For each patient, LFPs were recorded bilaterally during six minutes in a resting state condition. Prior to recording, the stimulation device was turned off for at least ten minutes. Patients were instructed to relax and keep their eyes open during the recording. Patients were clinically assessed at the end of the recording by independent neurologists using the Unified Parkinson's Disease Rating Scale (UPDRS) sub-scores for bradykinesia, rigidity and resting tremor symptoms for both upper limbs (items 20, 22 and 23).
Surgical procedure
Long-acting dopaminergic medication was withdrawn 48 hours prior and short-acting medication was withdrawn 12-20 hours prior to off-medication pre-operative testing and to the DBS lead implantation Internalization of the electrode and connection of the electrode to an internal stimulator were performed at day 4 under general anesthesia.
Power spectrum modeling
Six minutes of bipolar LFP activity were derived from two contacts, selected based on the electrodes chosen by the neurosurgeon for DBS stimulation. LFPs high-pass filtered at 1 Hz using a second order Butterworth filter. Power spectral densities (PSD) were then calculated using a Short-Time Fourier Transform, with a 0.25s Hamming window and 60% overlap and finally log powered.
We propose a model that describes the LFP spectrum and allows the extraction of two components of the PSD: the neural noise and the beta oscillatory activity. Similar approaches have been used to model the PSDs in EEG [23] . The different components of the model are illustrated in Fig. 1A , in which the LFP PSDs are modeled as:
where g( ) is the modeled power spectrum at frequency . The function 1 ( ) models the neural LFP noise function at frequency with a power law function; 1 , 2 , 3 determine its offset, rotational offset and power, respectively. The offset was added to the equation so as to shift the axis of overall rotation (intersection frequency) that would be fixed at 1Hz if only the rotational offset was taken into account. The function 2 ( ) models the beta activity function at frequency with a Gaussian probability density function, with amplitude 4 , mean frequency 5 , and standard deviation 6 . 1−6 parameters were estimated from the entire 6-min recording by an interior-point optimization algorithm, with the objective function defined as the root mean square error between the modeled and actual PSDs:
where frequencies ranged between 10-90 Hz. Lower and upper bounds on the design variables were defined based on a priori knowledge and the shape of typical power spectral densities [23] . Initial values of parameters were set to the central value over the range defined by the lower and upper bounds (see Supplementary Table 2) . The light green curve shows a small beta amplitude and a low level of neural noise evaluated at the peak amplitude (28Hz). Alternatively, the neutral green curve has the same beta amplitude as the light green curve, but the level of neural noise is larger, resulting in an overall larger total amplitude. Finally, the dark green curve has the same overall amplitude as the neutral green curve, but the beta amplitude is actually much larger. These examples emphasize the need to model these physiological processes independently.
Emerging evidence has also shown the existence of two distinct beta sub-bands carrying pathological information [24] : the low-beta (13-20 Hz) and the high-beta (20-35 Hz) bands. As such, we also evaluated the feasibility to model the PSDs with two beta bumps. To this end, the PSD was modeled as the sum of two Gaussian function and a power law function, and therefore estimated nine parameters instead of six parameters in the case of a single beta bump.
Statistical analysis
To validate our model, we first evaluated the goodness-of-fit between the modeled and actual PSDs using the coefficient of determination ( 2 ). We then quantified the relationship between the model parameters 1−6 and the clinical scores using Spearman's correlation coefficient (rho), pooling patients and hemispheres (N=26). The significance level was computed using permutation statistics and corrected for multiple comparisons using false discovery rate (FDR). We then compared s differences in correlation with clinical scores, when the beta oscillatory activity was estimated with and without neural noise. The estimated beta activity without noise corresponded to the amplitude of the Gaussian function (k4). The beta activity estimated with noise corresponded to the amplitude of the Gaussian function (k4) plus the value of the modeled neural noise function evaluated at the center frequency of the Gaussian function, 1 ( 5 ). We assessed for significant differences between correlation values with and without neural noise using Hotelling's t statistic. This statistical test accounts for the dependence of the two correlations on the same group, i.e. both correlations are relative to the same motor symptoms. To investigate the relationship between the neural noise activity and motor symptoms, we also computed Spearman's correlation between the modeled neural noise function and clinical scores at each frequency bin . Similarly, we measured the correlation between the neural noise activity and age.
Results
Modeling of the power spectrum
Goodness-of-fit (
2 ) between the modeled and actual PSDs ranged between 0.95-0.99, and thus our mathematical model accurately fitted the power spectrum. Similarly, goodness-of-fit obtained when modeling two beta bumps ranged between 0.94-0.99. Although this result suggests that our approach can be used to investigate low and high beta bumps independently, the adjusted R 2 -which takes into account the number of parameters as a regularization method-was not significantly different between the modeled PSDs with one or two beta bumps (Wilcoxon signed rank; P=0.16), suggesting an overfitting effect when modeling two bumps. Thus we further investigated the role of beta activity using only a single beta bump.
Correlation between model parameters and motor symptoms
In order to identify how the LFP power relate to motor symptoms, we investigated the relationship between the different parameters of the modeled power spectrum and the UPDRS clinical scores. The fitted amplitude of the beta activity (k4) correlated with both bradykinesia (rho=0.55, P=0.006) and rigidity (rho=0.69, P=0.000), but not with tremor (rho=-0.07, P=0.743; Fig. 2 ). In addition, the beta amplitude correlated with bradykinesia plus rigidity (rho=0.68, P=0.000) and all three clinical scores summed together (rho=0.50, P=0.011). No other parameters presented significant correlations (P>0.1;
Supplementary Table 3) . These findings are in agreement with previous electrophysiological studies showing that pathological beta activity was associated with bradykinesia and rigidity, but not tremor [1] .
Impact of neural noise on the estimation of beta oscillatory activity
As neural noise is known to vary with factors such as behavior, neural communication and cognitive impairments [18, 19, 21] , we assessed the influence of neural noise when estimating the relationship between beta oscillatory activity and motor symptoms. Fig. 3 shows the correlation between the clinical scores and the modeled beta activity with and without neural noise. The correlation without neural noise was increased compared to the estimation with neural noise for bradykinesia, rigidity, bradykinesia plus noise elimination ranged between 60-80% (rhowithout-rhowith)/rhowith), and demonstrate that the estimation of beta oscillatory activity correlates better with motor symptoms when it is isolated from the neural noise component.
We also evaluated the within-subject non-stationarity of neural noise, measured as its variability throughout the time. The rationale is that a higher variability of neural noise would imply a noisier, less reliable estimation of any ongoing pathological biomarker that includes neural noise, beta oscillations in particular. This is particularly relevant for implementing closed-loop DBS paradigms, where the stimulation is controlled based on the estimated beta power [25, 26] . We thus evaluated the variability of the estimated beta activity and neural noise over time by modeling,for each hemisphere and patient, the PSDs with a sliding window of ten seconds and no overlap, and computed the standard deviation across the time windows. Results showed that the variability throughout time of beta activity was significantly smaller than that of the neural noise (variability for beta activity (mean ± std across subjects) = 0.026 ± 0.028; neural noise = 0. 0310 ± 0.027; Wilcoxon signed rank test; P<10 -4 ). Expectedly, the variability of the original PSD beta computation without our model -as usually done in typical closed-loop scenarios [25] -was even higher than the neural noise (mean ± std across subjects = 0.057 ± 0.055). This significantly larger standard deviation of neural noise with respect to beta activity suggests that modeling beta activity and neural noise independently might be beneficial for closed-loop DBS.
Age-related changes in neural noise activity
Recent studies have shown that rich information is embedded in the neural noise activity, and the shape of the PSD has been shown to correlate with age and cognitive decline [21] . As such, we assessed the relationships between the neural noise activity in the STN and age, as well as motor symptoms. For this, we estimated the neural noise activity with the parameters 1−3 , (offset, rotational offset and power of the neural noise, respectively function 1 ), and correlated the power at each frequency bin with motor symptoms. Fig. 4 shows the correlation between the modeled neural noise activity 1 and each of the motor symptoms. Results showed no significant correlation between the neural noise activity and motor symptoms (P>0.05). Conversely, we found a significant negative correlation between age and neural noise activity for frequencies ranging between 7-21 Hz (P<0.05), and a positive correlation for frequencies ranging between 150-200 Hz, peaking at 163 Hz (P<0.05), in line with previous works [20] . These results strongly indicate the physiological nature of the neural noise (from its correlation with age), and its independence from other physiological signal and pathological symptoms (from the lack of correlation with PD motor symptoms).
Discussion
In this study, we modeled the LFP power spectrum in the STN of PD patients as the combination of two distinct physiological components: beta oscillatory activity and neural noise activity, modeled with a Gaussian function and a 1/ power law function. The modeled beta amplitude correlated with bradykinesia and rigidity, but not tremor, thereby reinforcing the concept that tremor is pathophysiologically distinct from bradykinesia and rigidity. Critically, the correlation between the estimated beta oscillatory amplitude and bradykinesia and rigidity was significantly enhanced when the neural noise activity was removed from the beta estimation. Finally, neural noise correlated with age, but not with motor symptoms, highlighting the differential roles of oscillatory activity and broadband activity in PD. Our model provides a tool to disentangle physiological processes associated with STN-LFPs, and allows further investigations on the neurobiological origin of the neural noise and its implications in PD and other neurological disorders.
Despite advances in the understanding of the pathophysiology underlying Parkinson's disease, the causal role of beta activity remains unclear, as evidence has shown contradictory findings in untreated resting PD states. Indeed, studies that found a significant correlation have used various forms of power normalization or more complex measures, such as entropy [27] . Although these methods have implicitly tackled the variability induced by neural noise, they have not explicitly addressed the impact of this neural noise, nor suggested its differential role in motor state estimation. In this study, we evaluated for the first time the impact of the neural noise on the estimation of beta activity. By isolating the beta activity from the noise, we were able to obtain an increase in the correlation coefficients between motor symptoms and LFP beta activity by 60-80%. These results suggest that neural noise, while not correlating with motor symptoms, still confounded the estimations of beta oscillatory activity.
Our approach also allows identifying whether the changes in beta activity are caused by an actual drop in the beta oscillatory amplitude or rather by changes in the overall background level of activity. In this study, neural noise and age correlated negatively with low frequencies (7-21Hz) and positively with high frequencies (150-200Hz). These findings emphasize its physiological origins, and are in line with previous works: arecent study demonstrated that ECoG and EEG electrophysiological neural noise correlates with age and cognitive impairments [21] , and it has been associated with an increase in baseline neural spiking activity [28] . It has been hypothesized that increases in the neural noise are a consequence of pathological decoupling between population spiking activity and low-frequency oscillatory neural field [18] , and is associated with an imbalance between synaptic excitation and inhibition [29] . Further research is needed to define how background neural activity and oscillatory components interact in PD and how it can affect neural communication in the basal-ganglia-thalamocortical network.
The model proposed here provides promising new avenues for computing better biomarkers associated with PD symptoms. Indeed, we showed that the model can be customized depending on the shape of the PSDs, e.g. modeling two bumps for low and high beta frequency bands. As such, this modeling approach allows capturing and isolating independent neural processes. In addition, it is fully automatic, data-driven and personalized to patients, without needing any human intervention.
Our two-components modeling technique has direct applications for closed-loop DBS. Despite the benefits of continuous DBS, several studies have reported different side-effects, affecting mood, behavior, speech and personality [30] . One way to minimize the associated side-effects of DBS is to reduce the stimulation time using closed-loop systems, limiting the appearance of motor symptoms measured by specific biomarkers. As such, there is a strong interest in finding stable and reliable biomarkers for closed-loop DBS. Currently, beta oscillatory power has been used as a DBS trigger to reduce the stimulation time and improve motor performances compared to continuous stimulation [22, 25, 26] . Previous works have already suggested that neural noise does vary with time, and could do so at the sub-second level [18] . In this work, we have further shown that this variability exists, and that is significantly higher than the variability of the beta activity. As such, the proposed modeling approach could lead to more reliable quantifications of beta activity as biomarker for future closed-loop DBS applications.
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